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Background: Mild traumatic brain injury (mTBI) strongly associates with chronic neurodegenerative impairments
such as post-traumatic stress disorder (PTSD) and mild cognitive impairment. Early detection of concussive
events would significantly enhance the understanding of head injuries and provide better guidance for urgent
diagnoses and the best clinical practices for achieving full recovery.
New method: A smart helmet was developed with a single embedded fiber Bragg grating (FBG) sensor for realtime sensing of blunt-force impact events to helmets. The transient signals provide both magnitude and direc
tional information about the impact event, and the data can be used for training machine learning (ML) models.
Results: The FBG-embedded smart helmet prototype successfully achieved real-time sensing of concussive events.
Transient data “fingerprints” consisting of both magnitude and direction of impact, were found to correlate with
types of blunt-force impactors. Trained ML models were able to accurately predict (R2 ~ 0.90) the magnitudes
and directions of blunt-force impact events from data not used for model training.
Comparison with existing methods: The combination of the smart helmet data with analyses using ML models
provides accurate predictions of the types of impactors that caused the events, as well as the magnitudes and the
directions of the impact forces, which are unavailable using existing devices.
Conclusion: This work resulted in an ML-assisted, FBG-embedded smart helmet for real-time identification of
concussive events using a highly accurate multi-metric strategy. The use of ML-FBG smart helmet systems can
serve as an early-stage intervention strategy during and immediately following a concussive event.

1. Introduction
Post-traumatic stress disorder (PTSD), physical health problems,
mild cognitive impairment, dementia, and depression are strongly
associated with mild traumatic brain injury (mTBI), as frequently re
ported in military-, sport-, and other source-induced head injuries (Faul
et al., 2010; Guskiewicz et al., 2007; Hoge et al., 2008). Although
post-traumatic brain injury assessments and interventions have been
discussed and practiced for decades, the importance of immediate
detection and early diagnosis cannot be over-emphasized (Brenner et al.,
2009). Unfortunately, the lack of practical early detection tools weakens
the predictive measures for mTBIs.
Early detection of blunt-force impact events by advanced
commercially-available hardware, such as the Reebok Checklight
skullcap module (Harper et al., 2018), relies heavily on the devices’

portability and robustness to ensure high fidelity capture of
concussion-causing events in vivo. Another reason to use
sensor-integrated wearable devices for early-stage intervention during
blunt-force impact events is that wearable devices can, apparently, serve
as dynamic platforms for instantaneous sensing. In particular, for pro
tective head equipment, a helmet’s original purpose was to redistribute
and limit the forces directed at the head to levels that are below the skull
fracture tolerances. Advanced helmets were designed to increase the
duration of strikes to the head and thereby limit peak head acceleration,
which ultimately protects the underlying bone and neurovascular
structures (Butz and Dennison, 2015). In the present work, the direct
embedment of a fiber-optic sensor in a thin surface layer of the shell of a
helmet could further expand the helmet’s functionality in two important
aspects: (1) Sensing and analyzing blunt-force impact events could
provide direct avenues for evaluating the capabilities of helmets for
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head protection, which may inspire better ways to design and construct
helmets; and (2) Evaluating the potential physiological effects of
blunt-force impact events in real-time using ML models will identify a
range of concussive events that should be treated within the Golden
Hour, leading to best practices and positive long-term health outcomes.
Fiber-optic sensors – as thin as human hairs – have been employed in
wearable sensing devices without compromising the devices’ protective
structure and functionality (Grattan and Sun, 2000; Lee, 2003; Rao,
2006). The fiber Bragg grating (FBG) sensing principle has been widely
adopted for monitoring impact-induced strain changes (Guan et al.,
2000; Ho et al., 2006). By creating periodic variations in the refractive
index along the length of the core of the optical fiber, subtle wavelength
changes due to variations in strain can be pinpointed. This simple
sensing method enables signal demodulation that is facile and rapid
(~kHz sampling rates), hence making it possible to sense high-speed
mechanical events in real-time. Butz et al. fabricated the
first-of-its-kind force transducer based on the FBG principle and suc
cessfully integrated the device into a helmet for measuring transient
forces that resulted from impacts to a dummy head (Butz and Dennison,
2015). A single FBG fiber was immobilized on a fixed-fixed beam of an
aluminum superstructure that was embedded into the contoured surface
of a helmet. Under computer-programmed externally-applied impacts,
the deformation of the fixed-fixed beam resulted in the changes in the
strain of the FBG section of the embedded fiber. The magnitudes of the
strain changes were found to be proportional to the applied impact
forces. The requirements of ample space on the surface of the helmet
shell for multiple FBG transducers embedment severely limited the
feasibility of this method when sensing at a multitude of points is needed
across the surface of the helmet. Such limitations on the number of
embeddable sensors in the helmet shell will inevitably limit the quantity
of the data retrieved from the blunt-force impact events, in turn limiting
the overall efficacy of mTBI detection, and subsequent capabilities for
mitigation of adverse long-term physiological effects.
The present study focused on the application of single fiber FBGs,
without mechanical superstructures (Butz and Dennison, 2015), to
maximize their advantages in terms of unconstrained degrees of
freedom, small size, and light weight for wearable and robust sensing
under dynamic conditions. Moreover, the study exploited the combi
nation of FBG sensors with machine learning (ML) models to enhance
analytical capabilities for multifaceted analyses of complex transient
signals. The ML models have been introduced to many areas of funda
mental and applied research to extract complicated and important at
tributes from high-value data. The utilization of ML models for
fiber-optic communicating, sensing, and predicting has also been re
ported previously (Jarajreh et al., 2014; Karanov et al., 2018; Makar
enko, 2016; Mazid and Ali, 2008; Tejedor et al., 2017; Wang et al.,
2015). For instance, Mazid et al. applied the Support Vector Machine
(SVM) model to a database from an opto-tactile sensor and successfully
identified patterns of different surface textures (Mazid and Ali, 2008).
Makarenko et al. demonstrated an approach to building deep learning
models for a fiber-optic distributed sensing system, which could function
with high degrees of adaptability under intensive signal-jamming en
vironments (Makarenko, 2016).
Thus, the combination of a specific fiber-optic FBG sensing principle
with carefully selected and rigorously trained ML models may fulfill the
studies stated goals due to the following reasons: (1) The combined
utilization of fiber-optic sensing data with ML models will avoid the
tedious modeling and calibration approaches that are required by
traditional data-handling tools, such as finite element analysis (FEA); (2)
ML analysis can substantially enhance pattern recognition abilities,
thereby helping to reveal and identify hidden linkages between transient
signals from fiber-optic sensors and various impact parameters, such as
the impact sources, magnitudes, directions, and so forth, that are
monitored and recorded; and (3) Well-trained and fully-validated ML
models may thus provide accurate predictions for the blunt-force impact
events such that mitigating actions can be taken within that first hour

after the occurrence of an injury – or the Golden Hour – which can go a
long way in protecting the long-term mental health of the individual.
Presented in this study are an FBG sensor-embedded smart helmet,
ML-models for sensing, and subsequent multifaceted analyses of tran
sient concussive events. A bowling ball Pendulum Impactor System (PIS)
was constructed and employed for simulating concussive events on a
dummy head equipped with the fiber-optic sensor-embedded smart
helmet. Multiple impact kinetic energy levels and directions were tested
to validate the system’s robustness for sensing blunt-force impact
events. A LabVIEW program was coded to autonomously output a realtime display of the Bragg wavelength shifts caused by changes in strains
of the FBG sensor. The resultant datasets were utilized for training
several ML models, and to subsequently conduct performance tests.
Finally, the prediction accuracies of these ML models were compared
and discussed.
2. Materials and methods
2.1. FBG sensing principle and sensor fabrication
An illuminated coil of optical fiber with an expanded view depicting
the structure of a Fiber Bragg Grating (FBG)—including the external
space (air), cladding, core, grating, respective indicators for refractive
indices, and grating period—is shown in Fig. 1. The FBG is formed by
creating a periodic variation in the refractive index along the core of a
single-mode optical fiber (SMF-28).
The periodic pattern functions as a notch filter. It reflects the incident
light at a particular wavelength and transmits light of all other wave
lengths. The periodic pattern can be created using various methods, such
as interference lithography, phase mask writing, and point-by-point
writing. The wavelength of the reflected light (λB), which is called the
Bragg wavelength, is defined as follows:
λB = 2neff Λ

(1)

where neff is the effective refractive index of the core of the optical fiber
and Λ is the grating period. When an FBG sensor is subjected to an
applied strain or a temperature change, the refractive index of the fiber
core and the grating period will experience variations, resulting in shifts
of the Bragg wavelength. Assuming the applied strain or temperature
change is uniform, the Bragg wavelength shift ΔλB is described as:
ΔλB
= (1 − pe )Δε + (acte + acto )ΔT
λB

(2)

where pe, Δε, acte, acto, and ΔT are the strain-optic coefficient, the strain
variation, the coefficient of thermal expansion, the thermo-optic coef
ficient, and the change in temperature, respectively. Therefore, by
continuously monitoring the wavelength of the reflected light, the shift
of the Bragg wavelength can be determined, and the applied strain or
temperature change can be calculated. Although both strain and tem
perature perturbations will simultaneously influence FBG wavelength
shifts, the timescales of changes in strain induced by blunt-force impact
events typically range from one to tens of milliseconds (msec), which are
much shorter than the timescales of FBG signal fluctuations induced by
variations in temperature. Therefore, the temperature factors can be
neglected from the Eq. (2) (Butz and Dennison, 2015). The shift in
wavelength of the FBG caused by an axial strain on an SMF-28 fiber can
be written as:
ΔλB
= 0.79Δε
λB

(3)

2.2. Integration of an FBG sensor in a helmet
Fig. 2 shows a photograph of a prototype smart helmet used in this
study with an embedded FBG sensor and a schematic diagram of the
2
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Fig. 1. A coil of optical fiber with an expanded view depicting the fiber Bragg grating (FBG) structure in the core of a single mode optical fiber. The labels, n0, n1, n2
and n3 represent the refractive index of the air, fiber cladding, fiber core and the fabricated grating, respectively. Λ represents the grating period. The optical fiber
also serves the dual purpose of a low-loss conduit for transferring the information from the FBG sensor to a remote location where the interrogator is located.

Fig. 2. The first prototype Missouri S&T smart helmet equipped with an FBG sensor embedded in a shallow groove on the top surface. (a) A photograph of the upper
side of the helmet where the FBG fiber was embedded (red arrow). (b) A schematic diagram of the interrogation system for the smart helmet.

interrogation system. The FBG sensor was fabricated from a single-mode
optical fiber and was embedded inside a groove on the top surface of a
football helmet (Schutt kids’ AiR standard VI football helmet) as shown
in Fig. 2a. The groove was made on the outer surface of the helmet using
a momentary-contact wire heater, which resulted in a groove depth of 1
mm and a groove length of 25 mm. An optical fiber (length, ~ 1 m) with
an FBG sensor (length, ~ 1 cm) was placed inside the groove (red
arrow), and the groove was filled with epoxy. After the epoxy solidified,
the free end of the optical fiber on the backside of the helmet was spliced
to an extension optical fiber and connected to the interrogation system.
When a blunt-force impact is applied to the helmet, a transient material
deformation around the impact spot will generate momentary stresses.
Based on the directions of force propagations, such stresses will stretch
and compress the embedded FBG sensor along the axial direction, cause
variations of strain to the fiber, and finally induce a transient shift of the
FBG wavelength that can be determined by Eq. (3).

interrogator (BaySpec FBGA-F-1510-1590-FA). To readily detect and
reconstruct the blunt-force impact events, the acquisition speed of the
interrogator was set to a sampling rate of 5 kHz, corresponding to a 0.2
msec sampling interval. The recorded signals were then uploaded to the
computer for further processing.
2.4. Implementation of a wireless data transmission module
Fig. 3 shows a prototype smart helmet configured with a wireless
FBG transceiver for field tests. The wireless FBG transceiver (Redondo
Optics MOFIS FBG Transceiver) was employed to enable detection and
interrogation of blunt-force impact events and the wireless transmission
of the collected and processed FBG data. The Redondo device is a
miniaturized transceiver with a built-in light source, a wireless
communication module, and an on-board power source. It can monitor
signals from two FBG sensors fabricated in one single fiber with a high
sampling rate (up to 20 kHz). To prepare the smart helmet, a groove
with 0.5 mm depth was heat-carved into the top surface of the football
helmet. One FBG sensor was placed inside the groove and fixed in place
using epoxy. The Redondo FBG transceiver was mounted on the rear of
the football helmet and connected to the embedded FBG sensor. The
final layout of the smart helmet is shown in Fig. 3(a).
The functionality of the smart helmet was tested outside the lab
building to simulate basic field test conditions. During the test, a student
volunteer impacted a brick wall while wearing the helmet at force levels
that were mild enough to avoid any head injuries, as illustrated in the

2.3. Data collection and interrogation
A schematic diagram of the interrogation system for the FBGequipped smart helmet is illustrated in Fig. 2b. The incident light from
the broadband light source (Thorlabs ASE-FL7002-C4 ASE Source) was
directed into the FBG fiber sensor through an optical fiber circulator
(from Port 1 to Port 2). Then a portion of the incident light with
wavelength satisfying the Bragg wavelength (Eq. (1)) was reflected and
redirected to the circulator (from Port 2 to Port 3) and detected by the
3
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Fig. 3. Testing a prototype wireless smart hel
met for recording blunt-force impact events in
the field. (a) A top view of the smart helmet
with the wireless Redondo FBG transceiver
mounted to the rear of the helmet. Both the FBG
sensor location (red arrow) and the wireless
FBG Transceiver module (yellow arrow) are
indicated in the photograph. The fiber-optic
FBG sensor is connected to the Redondo mod
ule via the yellow-green connector. (b) Photo
graph of the wall-impact scene, where a student
tester is wearing the helmet and impacting the
wall at a mild level. (c) Signals that were
immediately transmitted from the Redondo
module to a remote laptop located at a distance
of 10 m. The plot in (c) shows five consecutive
events generated by five corresponding impacts
of the helmet on a brick wall. (d) The expanded
view of the first event in (c) shows two peaks,
the first from the initial contact and the second
from the rebound contact.

photograph in Fig. 3(b). The helmet was equipped with full internal
cushion protection and no initial external force was applied to the vol
unteer’s body to ensure that he had full control over the force being used
to impact the brick wall. The signals recorded from the embedded FBG
sensor were transmitted in real-time to a nearby laptop via WiFi. The
distance between the student volunteer and the laptop was 10 m. An
example of FBG sensor data from five rapid, consecutive impacts (with a
total test sequence duration of less than 20 s) is shown in Fig. 3(c). The
expanded view of the first impact event in the sequence, shown in Fig. 3
(d), reveals a double-peak signal output by the FBG sensor over
approximately 0.2 s.

2.5. Simulation of blunt-force impact events using a Pendulum Impactor
System
To demonstrate the functionality of the FBG-embedded smart hel
met, a home-built bowling ball Pendulum Impactor System (PIS) was
utilized to simulate blunt-force impact events on a dummy head wearing
a smart helmet prototype. A photograph of the system is shown in Fig. 4
(a). A manikin was placed in the center of a metal support frame. A
bowling ball was suspended from the frame using [approx. length of
wire]a 0.6-m length of 5-mm weldless sliver steel cable, such that it was
barely contacting the test helmet while at rest. The goal of this setup was
to emulate a perfect elastic collision, meaning all the potential energy of
Fig. 4. A Pendulum Impactor System (PIS) that
employs a bowling ball to simulate blunt-force
impact events. (a) A photograph of the PIS
consisting of a rigid metal frame and a separate
steady base to hold the manikin and helmet in
place. A bowling ball is suspended in front of
the dummy head and released from a desig
nated height to cause the impact. (b) A sche
matic diagram illustrating how the PIS
functions. The suspended bowling ball is
released from a designated height and impacts
the FBG-embedded helmet at the lowest posi
tion of its arc trajectory. The top view of the
helmet shown in the photograph in (b) illus
trates the four angles of impact used in the test:
0◦ , 90◦ , 180◦ , and 270◦ .

4

Y. Zhuang et al.

Journal of Neuroscience Methods 351 (2021) 109073

the bowling ball release height is imparted to the manikin/helmet pro
totype upon impact. The PIS setup provides a good approximation of the
kinetic energy of the impact event, but it ignores energy lost to sound
generation and helmet deformation. The test included impacts of five
magnitudes, simulated by adjusting the initial height from which the
bowling ball was released (0.04 m, 0.14 m, 0.24 m, 0.34 m and 0.44 m).
The five impacts were administered to the helmet at four angles: 0◦ , 90◦ ,
180◦ , and 270◦ (Fig. 4(b)). The procedure was repeated a total of three
times. By assuming that the impact was elastic, the amount of kinetic
energy for each impact was equal to the potential energy. The potential
energy corresponded to the release height of the bowling ball, and the
test energies were 1.80 J, 6.31 J, 10.82 J, 15.33 J, and 19.84 J for the
heights listed above. The helmet was positioned such that the bowling
ball made contact with the helmet at the lowest point in its trajectory so
that the calculated potential energy was completely converted to kinetic
energy upon impact. In most tests, the kinetic energy was efficiently
transferred to the helmet. However, it is known that this is not a perfect
elastic collision, and in some cases the bowling ball was observed
bouncing back slightly with low speed, indicating the true inelastic
nature of the impact setup. This is most likely due to helmet deformation
or manikin natural frequency response to the impact energy. Given these
known losses the calculated potential energy was assumed to provide a
good approximation of the initial source energy. Both impact heights
and directions were recorded for all impact events.

wrench, a hammer, and a padded PVC pipe (simulating a “pugil stick”
used in military training), which were chosen to cause distinguishable
blunt-force impact events to the smart helmet prototype. Here, the im
mediate signal received from the interrogator was displayed as the
magnitude of a blunt-force impact metric versus time. Distinctive peakand-valley patterns were observed along the time axis, as demonstrated
in Fig. 5. The blunt-force impact by an Allen wrench resulted in an initial
sharp and rapid signal oscillation, followed by a similar oscillatory
pattern with reduced intensity. The blunt-force impact caused by the
hammer resulted in a sharp, but broader peak when compared to the
impact of the Allen wrench. Interestingly, the blunt-force impact caused
by the simulated “pugil stick” resulted in an initial transient oscillatory
signal that was somewhat similar to that of the Allen wrench, but
extended to multiple periodic signal peaks with gradually broadened
peak shapes.
3.2. Raw transient signal results generated by controlled blunt-force
impact events
The FBG-embedded smart helmet prototype was quantitatively
evaluated using a home-built bowling ball PIS. Controlled blunt-force
impact events were created by adjusting impact magnitudes
(controlled by bowling ball’s release height) and directions (controlled
by bowling ball’s angle of impact). Results are shown as the relative
wavelength shift vs. time within the first 200 msec. Distinguishable
patterns of peaks and valleys were observed as exemplified in Fig. 6.
Most peaks and valleys were distributed within the first 80–100 msec,
where a handful of them repeatedly appeared at the same or similar time
points (black arrows), though their magnitudes varied due to the
different levels of impact energy that were applied. Such pattern repe
tition is uniquely correlated with each impact direction. When impact
direction changed from the front (Fig. 6(a)), left side (Fig. 6(b)) to the
rear (Fig. 6(c)) and the right side (Fig. 6(d)), the peak-and-valley pattern
also changed accordingly. All transient oscillatory signals recorded
during the tests were used for ML model training or prediction.

2.6. Machine learning (ML) model selection
To avoid tedious and complicated unsupervised statistical modeling
when dealing with the raw transient signal datasets, the strong pattern
recognition ability of machine learning (ML) is utilized. Five standalone
ML models and two ensemble ML models were used in this study: Sup
port Vector Machine (SVM), Gaussian Process Regression (GPR),
Random Forest (RF), K-Nearest Neighbor Instance-Based Learner (IBK),
Elastic Net Regression (ENR), Voting, and Additive Regression-Random
Forest (AR-RF). These seven ML models are commonly used for similar
types of datasets and tend to produce more accurate predictions
compared to other ML models (Cook et al., 2019; Han et al., 2020a, b).

3.3. ML models training and performance evaluation

2.7. ML model training and prediction

Several standalone and two ensemble ML models were trained using
75 % of the transient oscillatory signals collected from the basic test and
evaluated using the remaining 25 % of the transient oscillatory signals.
The results indicate that the combined use of the FBG sensor embedded
on the smart helmet and the ML models can predict the initial kinetic
energy (i.e., ball release heights, Fig. 7) and direction (Fig. 8) of an
impact.

To determine which ML model performed best with the FBG sensorsembedded helmet, each of the selected models were trained and their
prediction performances were benchmarked against new (raw) transient
signals. The aforesaid assessment of prediction performance is based on
the model’s prediction accuracy, where 75 % of the raw signals with
known impact heights and directions were used to train the models, then
the remaining 25 % of the raw signals were treated as unknown domain
for models to make predictions about impact height and direction. The
more untrained raw signal data-records that fall into the model pre
dicted area, the better the performance of the selected ML model, as
indicated by a lower data-prediction deviation and a higher coefficient
of determination (R2). The 75 %–25 % data split ratio has widely been
adopted in ML model training, and has shown good performance results
(Chou et al., 2011, 2014; Cook et al., 2019; Han et al., 2020a, b; Young
et al., 2019). Here, a random data selection is crucial to ensure that the
training data is representative of the original (parent) set, and to guar
antee that the input values are inclusive through the entire range.
3. Results
3.1. Distinguish types of implements used to simulate the blunt-force
impact events

Fig. 5. Plots of blunt-force impact (uniform scale, au) versus impact time
(msec) showing distinguishable signal oscillation traces caused by an Allen
wrench (top), a hammer (middle) and a “pugil stick” (bottom). Each blunt-force
impact event resulted in a transient deformation of the smart helmet that was
metered by a single FBG sensor embedded in the smart helmet.

A series of preliminary impact events were carried out using different
impactors to validate the functionality of the FBG-embedded smart
helmet and interrogation system. The impactors included an Allen
5
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Fig. 6. First 200 msec of the transient oscillatory signals resulting from impacts using the PIS at four different directions (0◦ , 90◦ , 180◦ , and 270◦ ) and five different
kinetic energy levels (1.80 J, 6.31 J, 10.82 J, 15.33 J, and 19.84 J). The directions of the blunt-force impact include (see Fig. 4 (b)): (a) Head-on, (b) left side, (c) Rear
and (d) right side. Black arrows indicate typical spectral peaks and/or valleys that may potentially serve as a “fingerprint” for a specific impact direction.

Fig. 7. Graphs of Predicted Height versus Measured Height derived from several ML models. The ML models employed include: (a) Support Vector Machine (SVM),
(b) Gaussian Process Regression (GPR), (c) Random Forest (RF), (d) K-Nearest Neighbor Instance-Based Learner (IBk), and (e) Voting (RF + GPR). The plotted data
represent 25 % of the parent database that were not previously included in the training process of the ML models. The dashed line represents the line of ideality and
the solid lines represent ±10 % boundaries.

Although most ML models produced predictions with reasonable
accuracies, their prediction performances (assessed in terms of R2
values) were slightly different from one another. Overall, based on R2
assessments for predictions of the initial energies of the impacts, the ML
models were ranked as voting > GPR > SVM > RF > IBK, with R2 values
ranging from 0.88 to 0.94. Based on R2 for predictions of impact

directions, the ML models can be ranked as AR-RF > RF > ENR > GPR >
SVM, with R2 values ranging from 0.91 to 0.99.
4. Discussion
Researchers have been pursuing the ability to immediately sense and
6
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Fig. 8. Graphs of predicted impact directions (positions) versus measured directions (positions) derived from several ML models. The ML models employed include:
(a) Support Vector Machine (SVM), (b) Gaussian Process Regression (GPR), (c) Random Forest (RF), (d) Elastic Net Regression (ENR), and (e) Additive RegressionRandom Forest (AR-RF). The plotted data represent 25 % of the parent database that were not previously included in the training process of the ML models. The
dashed line represents the line of ideality and the solid lines represent ±10 % boundaries.

evaluate head injuries induced by blunt-force impacts for decades.
Despite medical advancements in recent years, individuals with head
injuries caused by blunt-force impacts must often wait for hours or even
days to have a thorough medical check via formal protocols such as
magnetic resonance imaging (MRI) or positron emission tomography
(PET). Unfortunately, this delay in assessment means that injured in
dividuals often do not have access to the best medical/clinical practices,
which are typically proscribed within the Golden Hour for the treatment
of blunt-force impacts. In the future, the diagnosis of head injuries
induced by blunt-force impacts should rely on in situ sensing devices to
enable immediate assessment of critical parameters that may correlate
with harmful effects to the individual.
A decade ago, Cheriyan et al. made comprehensive attempts to
achieve the goal of immediate sensing and evaluation of head injuries.
The researchers combined electroencephalography (EEG) electrodes,
accelerometers, pressure sensors, blood-oxygen saturation (SpO2) sen
sors, and remote communication/control devices, integrating them into
the head pad of an Advanced Combat Helmet to monitor military
personnel for physiological indicators of mTBI (Cheriyan et al., 2009).
EEG is sensitive and accurate enough for mTBI diagnosis and has proven
capable of detecting signal features that correlate with concussions in
patients, but only under relatively static conditions. EEG signals can
become highly erratic when the electrodes have poor contact with
wearers’ skin during constant or extreme body movements. This noise
caused by less-than-ideal conditions severely limited the applicability of
this technique in real-world use cases (Von Rosenberg et al., 2016).
Conventional accelerometer-based devices cope relatively well with
rough testing conditions, but their large size and mass limit their utility
on wearable equipment, such as helmets. Fiber-optic sensors have
become popular in wearable devices, and differ from conventional ap
proaches in their miniscule sizes, small masses, and distributed sensing

capabilities. This study successfully demonstrated the feasibility of using
a single FBG sensor-embedded smart helmet prototype for in situ
detection of concussive events.
The measurement system presented herein demonstrated the ability
to distinguish between different types of impacting tools used to induce
blunt-force impact events, as shown by the data in Fig. 5. Clear peak and
valley patterns were shown within the first 80–100 msec of the transient
oscillatory signals, which are unique to the tools (Allen wrench,
hammer, and simulated pugil stick) that were used to strike the helmet.
Thus, the signal patterns can serve as specific “fingerprints” to identify
these implements, and can be further trained in ML models for future
automatic prediction. In some cases, the signals caused by blunt-force
impacts were observed to repeat over time. For example, the Allen
wrench impact signal was observed repeating at a lower amplitude after
approximately 10 ms. When the pugil stick was used to strike the helmet,
multiple repeats of the impact signals appeared. These repeating signals
may be due to shockwaves that bounced back in the internal structures
of the helmet, or due to the excitation of the resonance of the rigid
helmet shell. Butz et al. noted similar effects and emphasized that signal
resonance could interfere with the collection of useful data (Butz and
Dennison, 2015). In order to eliminate noise, their fixed-fixed beam was
specifically designed such that the FBG sensor was immobilized to avoid
background resonance during impact-induced beam deformation (Butz
and Dennison, 2015). Despite the appearance of repeating signals in this
study, the unique transients detected by the FBG sensor embedded in the
prototype smart helmet suggest that it is possible to identify the different
types of implements that caused them. Additional examples may include
sharp metal objects, cement debris, and rock materials that would be
encountered from explosions in the battlefield.
It is noteworthy that Butz et al. experimented with an FBG sensor
similar to the sensor employed in this study. However, while their use of
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a superstructure to immobilize the sensor helped them measure forces
that were loaded perpendicular to the sensor beam (Butz and Dennison,
2015; Dinovitzer et al., 2019), it hindered their potentiality to detect
multi-directional impact signals as exemplified in this study. The bare
fiber sensor infrastructure’s ability to detect multi-directional impact
events with “fingerprint” signal features in the proposed system may be
due to the specific shear strains that arise within the fiber (Muller et al.,
2009). Signal peaks and valleys that occurred within 30− 40 ms of
impact repeatedly appeared at the same time points, even when the PIS
was used to cause impacts at different magnitudes of force. Thus, the
data can be used to refine the afore-mentioned transient data “finger
prints” for a specific impact direction. Limited linear correlation range
between the peak height (or valley depth) and the kinetic impact energy
was concluded from quantitative measurements (Fig. 6). This is espe
cially reflected in the early-stage major peaks or valleys, such as the first
four peaks/valleys in the 0◦ and 270◦ plots, the first three peaks/valleys
in the 90◦ plot, and the first five peaks/valleys in the 180◦ plots,
respectively. Early-stage signals are less likely to be influenced by the
structural resonance noise caused by the residual shockwaves, and
therefore may better correlate to the initial impact energy levels with
higher accuracy.
A combined ML model with an unsophisticated sensor design was
demonstrated to produce a sensor system with high accuracy. (Figs. 7
and 8). The synthesis of these elements allowed us to avoid tedious
calibration as would otherwise be expected with the use of finite
element analysis (FEA), as well as the difficulties associated with the
inclusion of a superstructure to support the sensor. The SVM, GPR, and
RF models outperformed other standalone models. Their superior per
formance can be attributed to: (1) The SVM model can make good
predictions when trained with high dimensional datasets, which is the
case in this study. The datasets collected from this research provided
detailed information that correlates FBG signals with initial impact en
ergies and directions, and thus provided a plausible multi-dimensional
data structure for the training of the SVM model. (2) The Gaussian
distribution between sensor signals and impact kinetic energy from the
raw data supported the good performance of the GPR model. (3) The RF
model performed well by keeping the bias and variance low via growing
many unpruned trees that split the high dimensional datasets. Moreover,
when combining standalone models together into ensemble models,
even better performances are observed. The ensemble ML model
“voting” generates the best result in Fig. 7 because it combines the
predictions of the RF and GPR model in a metaheuristic manner and
compensates for the errors made by standalone models. The ensemble
model AR-RF performed the best (as shown in Fig. 8) because of the
“boosting” effect of the additive regression (AR) process that progres
sively finetunes the parameters of the RF model until the deviations
between predictions and actual observations reach their global minima
(Han et al., 2020a, b). On the contrary, the IBK model is ranked last (as
shown in Fig. 7) because it requires substantially more data and di
versity in the database. The IBK, therefore, is not the right candidate
model for predictions of impact directions. The ENR model did not
perform well in predictions of initial impact energies because of its
inability to process the complex (presumably nonlinear and
non-monotonic) correlations between input variables and sensor
outputs.
Finally, it has been reported that the location of the impact could be a
strong predictor of head injury risks (Butz and Dennison, 2015). The
ability to localize the impact locations with corresponding temporal
force distributions could substantially augment the understanding of the
biomechanical mechanisms of the head injury. Conventional ap
proaches, such as arrays of mechanical sensors, can theoretically be used
to monitor a large area of interest, and thus help locate the impact po
sitions. However, researchers may find it difficult or nearly impossible to
acquire any viable data on portable equipment using this method due to
the size and mass of the sensors. In the system presented herein, the
combination of FBG with ML models enables wearable sensing and

convenient data processing without sacrificing the helmet’s inner space.
It also enables detection of the impact location based on the “finger
print” signal features. Though more work is needed, a vision of real-time
sensing and analysis for immediate identification of blunt-force impact
events with high spatiotemporal resolution is on the horizon.
5. Conclusion
In this work, a single FBG-embedded smart helmet prototype for
immediate sensing of blunt-force impact events was presented. High rate
data processing at 5 kHz enabled real-time sensing. Different types of
impactors used to simulate blunt-force impact events were found to
cause distinctive signal patterns. Impact magnitudes and directions were
found to uniquely correlate with distinguishable “fingerprint” patterns
of peaks and valleys in the raw oscillatory signals. Standalone and
ensemble ML models were employed for the accurate prediction of blunt
force impact events. High prediction accuracies were achieved for both
the impact energy levels and directions, especially using the ensemble
ML models. The combination of the FBG sensor-embedded smart helmet
prototype with ML models greatly simplified the data analysis process;
this advantage may provide accurate guidance for diagnoses of bluntforce impact events in real-time. Future work will focus on using mul
tiple in-line FBG configurations to aid three-dimensional (3D) sensing of
impact locations with high temporospatial resolution.
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